Biologically motivated mathematical models are important for understanding the mechanisms of radiation-induced carcinogenesis. Existing models fall into two categories: (1) short-term formalisms, which focus on the processes taking place during and shortly after irradiation (effects of dose, radiation quality, dose rate and fractionation), and (2) long-term formalisms, which track background cancer risks throughout the entire lifetime (effects of age at exposure and time since exposure) but make relatively simplistic assumptions about radiation effects. Grafting long-term mechanisms on to short-term models is badly needed for modelling radiogenic cancer. A combined formalism was developed and applied to cancer risk data in atomic bomb survivors and radiotherapy patients and to background cancer incidence. The data for nine cancer types were described adequately with a set of biologically meaningful parameters for each cancer. These results suggest that the combined short-long-term approach is a potentially promising method for predicting radiogenic cancer risks and interpreting the underlying biological mechanisms.
INTRODUCTION
Biologically based mathematical models which have the potential to predict radiation-induced cancer risks caused by modern radiotherapy protocols allow the risks of second cancers to be estimated and minimized during treatment plan optimization. This task is becoming increasingly important because of the increasing number of younger individuals undergoing radiation therapy and improving survival times after treatment. For example, the 5-y relative survival rate for prostate cancer in the USA has increased from 67 to almost 98 % and the mean age at diagnosis decreased from 72 to 69 over the past few decades (1, 2) . Ten-year survival rates have also improved substantially over the same time.
Patients exposed to radiotherapy as children are probably inherently more sensitive to radiationinduced carcinogenesis than adults and have a longer life expectancy. Consequently, radiotherapy-induced second cancers are a particularly important issue for childhood cancer survivors. Relative risks of cancer in exposed children can be very high, on the order of 10 -100 after typical radiotherapy treatments (3) . Many retrospective epidemiological studies of second-cancer risks after radiation therapy have been conducted (3 -11) . However, radiotherapy treatment techniques are changing quite rapidly, especially in terms of escalating treatment dose, altered dose fractionation and altered normal-tissue dose distributions such as from intensity-modulated radiation therapy (12 -14) . Radiation-induced second cancers typically develop after a long latency period of a decade or more following exposure (15, 16) . For these reasons, risks estimated based on decades-old radiotherapy methods cannot generally be directly applied to modern or prospective protocols. This problem can potentially be solved by developing mathematical models which can predict the secondcancer risk of any given radiotherapy protocol tusing target organ dose distributions (dose -volume histograms (DVHs)). Such models can also provide insight into the underlying mechanisms of radiation carcinogenesis and, as argued, represent a useful initial step towards the reduction of radiotherapyinduced second-cancer risks.
Many radiation carcinogenesis models have been proposed and used over the past several decades (17 -35) . Some can be called short-term models, meaning that they focus on processes such as cell killing, mutagenesis and chromosome aberrations which occur during and shortly after irradiation (30, 34, 36 -38) . They typically provide a detailed dose-response relationship for the selected endpoints, but do not directly address the complexity of those processes that take place before exposure and many years to decades after exposure, up to the time when cancer develops. The short-term models help to understand the effects of dose/fluence, radiation quality, dose rate and dose fractionation.
A very different approach is employed in long-term models (17, 20, 21, 24, 39) , which encompass the entire lifetime, e.g. tracking the kinetics of pre-malignant cell clones. They concentrate on background carcinogenesis processes, but generally treat radiation exposure as a simple (e.g. linear as function of dose) modulation of the background rates. The long-term models help to understand the effects of age at exposure, time since exposure and modulation of background cancer rates.
Because radiation-specific effects are treated simplistically by most long-term models, predictions from such models are typically limited to exposure conditions where a simple dose-response relationship holds. In situations where this relationship is more complex, such as high fractionated doses to organs located in proximity to the radiotherapy target volume, current long-term models have limited utility. Conversely, the detailed doseresponses produced by short-term models can be used to estimate cancer risks only by considering the effects of factors such as background risks, age at exposure and time since exposure, which are not directly taken into account by short-term formalisms. A unified approach of integrating short-and long-term methods is needed, where a detailed initial dose -response for pre-malignant cell numbers is produced over a wide range of radiation doses, and changes to the shape of this dose-response during the latency period before the development of cancer are also analysed in detail.
METHODS

Model assumptions
The unified short -long-term formalism discussed here belongs to the class which can be called initiation, inactivation and repopulation (iir) models (30, 34, 36, 38) . It was described in detail previously (40, 41) . It assumes that the target cells for radiation carcinogenesis are organ-specific stem cells, which reside in specialized stem cell niches or compartments. The number of such niches per organ and the number of stem cells per niche are homeostatically regulated. Radiation can kill stem cells, causing them to lose the ability to generate a clone (inactivation). Surviving cells respond by compensatory proliferation, attempting to restore preirradiation stem cell numbers (repopulation). Radiation can also alter normal stem cells (e.g. by causing mutations in tumour suppressor genes or other critical areas of the genome), moving these altered cells into a pre-malignant state. This phenomenon is called initiation, and it can also occur spontaneously during normal ageing, with some low probability per unit time. These three processes of iir comprise the short-term component of the formalism.
Long-term models, into which the short-term mechanisms are embedded, describe timescales of years or decades. Once an initiated stem cell is produced in a given stem cell niche, either spontaneously or due to radiation exposure, this cell can give rise to a pre-malignant clone. The clone can die out by stochastic extinction due to spontaneous cell death or due to cell killing by radiation. If the clone survives, it will take over the stem cell niche relatively quickly (in less than a year) because premalignant stem cells are assumed to have a net growth advantage over their normal counterparts (e.g. because pre-malignant cells are more resistant to apoptosis and less dependent on exogenous growth factors for proliferation). The stem cell niche will then become fully pre-malignant, i.e. filled with pre-malignant cells.
The number of pre-malignant cells per premalignant niche may be greater than the number of normal stem cells in a normal niche, but it is nevertheless assumed to be regulated by homeostatic mechanisms. Radiation exposure can weaken these regulatory mechanisms, allowing pre-malignant niches to grow larger in the period after irradiation. This process is called promotion.
A pre-malignant clone can gradually spread beyond the niche in which it originated, either by invading and taking over adjacent niches, or by division (splitting) of the original niche and growth of each of the daughter niches to full size. These processes result in a net clonal expansion with approximately exponential kinetics on the timescale of multiple years and decades.
The model assumes that any pre-malignant cell in any clone has a certain small probability per unit time of becoming a fully malignant cell, eventually capable of giving rise to clinical cancer. This process is called malignant transformation. It is assumed to be unaffected by radiation, but is affected by the patient's age: at older ages, the carcinogenic potential of pre-malignant cells decreases. Such a decline can be caused by age-dependent loss of stem cell function, stem cell niche function or both. It is consistent with the evidence of declining cancer risks at very old ages in both animals and humans (28, 29) . Eventual cancer risk is assumed to be proportional to the number of pre-malignant cells, shifted by a lag time (e.g. 10 y) needed for a fully malignant cell to grow into a clinically detectable tumour.
The processes of promotion, clonal expansion and transformation comprise the long-term component of the formalism. Model assumptions regarding the proposed stem cell kinetics, both short-and longterm, are shown in Figure 1 .
Mathematical implementation
These assumptions are implemented mathematically in a mixed deterministic-stochastic formalism, which was described in the previous papers (40, 41) . The long-term processes, i.e. the pre-malignant stem cell dynamics before irradiation and years -decades after irradiation until the development of cancer, are described by deterministic equations, mainly to reduce the number of adjustable parameters. The short-term processes, i.e. the dynamics during radiotherapy and the stem cell population recovery period a few weeks -months after exposure, are modelled stochastically. Here, the stochastic approach was used because cell inactivation (killing) is extensive during radiotherapy, making stochastic extinction of many pre-malignant clones a very real possibility which should not be neglected.
Consequently, the number of pre-malignant cells (and hence the cancer risk) is estimated as follows: (1) deterministic long-term equations are used to track the average expected number of pre-malignant niches from birth until radiation exposure. (2) This number is used as the input for stochastic equations, which estimate the effects of radiation, e.g. a multifraction radiotherapy protocol. At the end of this step, the average number of surviving pre-malignant stem cell niches is calculated, and the promoting effects of radiation on the number of pre-malignant cells per niche are also included. (3) The results serve as the input for deterministic long-term equations, which are used until old age.
Four model parameters can be derived from background cancer incidence and therefore do not directly depend on radiation: spontaneous stem cell initiation and subsequent malignant transformation (a, units ¼ time 22 ), pre-malignant niche replication (b, units ¼ time 21 ), stem cell ageing (c, units ¼ time 22 ) and the lag time L from the appearance of the first malignant cell until the development of cancer. Seven other parameters describe the effects of radiation: initiation (X, units ¼ time dose 21 ), promotion (Y, units ¼ dose 21 ), homeostatic regulation of the number of pre-malignant stem cells per niche (d, units ¼ time 21 ), the carrying capacity for the number of pre-malignant stem cells in a niche (Z, units ¼ cells niche 21 ), the stem cell radiation inactivation constants (a, units ¼ dose 21 and b, units ¼ dose
22
) and the maximum net stem cell repopulation rate (d, units ¼ time 21 ). Not all of these parameters are needed when only the relative risk of radiation-induced cancer is estimated-in this case, parameters a and c cancel out (40, 41) . Further simplification is possible if the irradiation protocol involves only a single acute dose instead of a series of doses-in that case, there is no proliferation during exposure, eliminating l. For relatively low doses (,1 Gy), cell killing can also be neglected, eliminating a, 
. Figure 2 . Best-fit model predictions for US background incidence (from the SEER database) for some analysed cancer types (female breast, male lung, male stomach and gender-averaged thyroid). Error bars represent 95 % confidence intervals.
b and Z. Consequently, depending on the situation, the number of adjustable parameters can be substantially reduced.
RESULTS AND DISCUSSION
The combined short -long-term formalism was applied to three sets of data for a total of nine solid cancer types (breast, lung, stomach, thyroid, pancreatic, bladder, brain, colon and rectal): (1) background cancer incidence (from US Surveillance, Epidemiology and End Results (SEER) database), (2) radiogenic cancer risks in Japanese atomic bomb survivors and (3) radiotherapy-induced secondcancer risks from a variety of second-cancer studies. A single set of parameters was used to fit all data for each cancer type. The results were presented in two previous papers (40, 41) . Here, in Figures 2-4 , the results are shown only for four cancers: female breast, male lung, male stomach and gender-averaged thyroid. These particular types were chosen because they represent different patterns of risk behaviours.
Spontaneous breast cancer incidence rises quickly with age throughout most of life, but then peaks and turns over at around age 80 (Figure 2) . A similar trend is seen for lung cancer, where the rate of initial rise in incidence is even steeper. In both cases, the rapid increase in incidence is attributed to clonal expansion of pre-malignant cells (e.g. by invasion of adjacent niches by pre-malignant niches), and the turnover at old age is attributed to ageing of premalignant stem cells in all niches. Stomach cancer incidence possibly also turns over, but this may occur at very old ages (.90) for which the data are less accurate. Thyroid cancer incidence, on the other hand, peaks at a much younger age of 60.
The estimated excess relative risks per unit of radiation dose (ERR/Gy) in Japanese atomic bomb survivors ( Figure 3 ) also display different cancer type-specific patterns as a function of age at exposure. For example, stomach and thyroid cancer ERRs decrease with age at exposure, for lung cancer the ERR appears to increase and for breast cancer it is approximately stable with age at exposure. Notable differences between cancer sites can also be seen in risks at high radiotherapeutic doses (Figure 4) . Dose fractionation is predicted to have a substantial effect on model-based estimates of secondcancer risks ( Figure 5 ). Combined with the cancer type-specific risk differences shown in earlier figures, this suggests that in order to obtain useful predictions of second-cancer risk, one must know not only the cumulative DVH for the protocol of interest, but also the fractionation regimen and target organspecific biological parameters. For example, for a breast radiotherapy protocol, one would need parameters for the lung, which is the main organ at risk for radiotherapy-induced cancer in this case. Figure 4 . Best-fit model predictions for high-dose fractionated radiotherapy ERRs for the same cancer types as in the previous figures. The error bars represent 95 % confidence intervals, and the points were taken from the literature (8 -11, 43) .
A NEW VIEW OF RADIATION-INDUCED CANCER
CONCLUSIONS
The microdosimetry community has learned to do very sophisticated short-term modelling, but grafting on long-term mechanisms is badly needed for modelling cancer. This grafting-on appears possible and practical. The first attempts at combining short-and long-term models seem quite promising, allowing prediction of radiotherapy-induced second-cancer risks based on data from Japanese atomic bomb survivors and older epidemiological second-cancer studies. The results obtained after applying this model to data suggest that the approach represents an improvement over previous approaches. Further development of more realistic biologically based mathematical models which integrate both shortand long-term processes is desirable and should enhance both predictive power and mechanistic understanding of radiogenic cancers.
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